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This thesis focuses on the modeling of the human bicep muscle as well as introduces 
an iterative identification method for nonlinear parameters in a virtual muscle model. 
This virtual muscle model displays characteristics that are highly nonlinear and 
dynamical in nature. A process of many simplified muscle models was presented, 
Hill’s model and Zajac’s model and Virtual Muscle Model, which greatly facilitates the 
theoretical research development of human muscle properties, in efforts to capture the 
complex actions performed by muscles. Furthermore, the precision of the virtual 
muscle model depends on a set of model parameters, such as muscle and tendon 
length, mass, motor unit ratio, which cannot be acquired easily using non-invasive 
measurement technology. Experiments were conducted to derive relationships between 
joint angles, force, and EMG signals. EMG signals are obtained to estimate muscle 
activation level which are then used as inputs to the muscle model. Data from a force 
sensor was used in the calculation of bicep contractile force at different activation 
levels, where this contractile force also represents the actual outputs of the model.  
 
Under conditions of muscle maximum voluntary contraction, it is possible to 
determine bicep length with respect to different experimentally elbow joint angles, and 
obtain underlying muscle parameters mass and optimal tendon length by using an 
improved iterative identification method. This method uses only partial gradient 
information, and was developed in order to solve the nonlinear parameter identification 
problem of the virtual muscle model. Experimentally, calculations from an anatomical 
mechanical model, as well as readings obtained from EMG signals and force sensors 




were used to relate isometric force to EMG levels at 5 different elbow angles for 3 
subjects. The iterative identification method was then used to determine optimum 
muscle length and muscle mass of the biceps brachii muscle based on the model and 
muscle data. Extensive studies have shown that the iterative identification method can 
achieve satisfactory results. Furthermore, by analyzing the simulation of motor units’ 
composition, the effects of Henneman's size principle in recruitment of motor units is 
critical for muscle force. It means that the effect of each motor unit for muscle force 
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Chapter 1 Introduction 
1.1 Background  
Muscle and joints are two major groups of organs that support human body 
movements. A failure or degeneration of any muscle could lead to severe problem in 
human life. Even for a normal people, enhancing muscle functionality would be highly 
desirable, for either daily life or specific motions such as in sports, dancing, 
instruments, etc. Much work has been done for muscle and joint modeling. The 
mathematical model used to describe the muscles is proposed by Hill in 1938, then, 
extended by Zajac in 1989. Integrating several recent models of the recruitment of 
motor units [1], the contractile properties of mammalian muscle [2], and the elastic 
properties of tendon and aponeurosis [3], Cheng and Brown created a graphical user 
interface (GUI) based software package called Virtual Muscle to provide a general 
model of muscle. [4] 
 
For the advanced technology requirement, investigation of human muscle parameters 
is significant for the research of muscle force performance applied in sports, education, 
and medical areas. Muscle architecture parameters include pennation angle (the angle 
between the line of action of the tendon and the line of the muscle fibres), muscle fibre 
length (the length of a small bundle of muscle fibres from the tendon of origin to the 
tendon of insertion), muscle mass (the mass of whole belly muscle) etc. [5]. 
 
One of the most critical parameters in the length-tension relationship which represents 
the potential muscle strength with respect to the muscle length is the optimum muscle 




length [7]. It can produce the maximum muscle force corresponding to the optimum 
joint angle when tendon extends to a suitable position. Understanding the muscle 
function of optimum muscle force in vivo is important for designing the transfer 
procedure of tendon. 
 
Also, a complete knowledge of the muscle parameters with the considerations of 
physiology and mechanics would provide the basic guidelines for ergonomic design, 
and rehabilitative programs to provide the maximum benefit by taking advantage of 
the length-tension relationship for the individual muscle [6]. Hence, investigation of 
muscle mass is significant for understanding the contribution of mass in muscle force 
performance.  
 
For the past few decades, people had been working intensively on the improvement of 
different virtual simulation. Most of the previous studies were based on cadaver 
specimen and some researchers simply adopted the values published in the earlier 
cadaver studies for their simulation. However, muscles have been reported to change 
the morphological characteristics in the embalmed cadavers due to shrinkage [5]. 
Therefore, it is essential to investigate the parameters in vivo for more precise 
information. Recently, many medical imaging techniques have been used to obtain the 
parameters of musculoskeletal system in vivo, such as ultrasound (US), computerized 
tomography (CT) and Magnetic Resonance Imaging (MRI). However, the 
disadvantages of MRI or CT cannot be avoided, such as high cost required, radiation 
exposure and limited access to instrument. There have been many attempts to search 
parameters, especially for optimal tendon length, on the basis of non-invasive method. 
As can be found in the literature research, an experimentally measurement method was 




recommended to estimate the optimal tendon length and L.Li and K.Y.Tong give an 
idea of parameters estimation by ultrasound and geometric modeling [5]. 
 
Modeling human movement encompasses the modeling of human muscles. Many 
experiments had been carried out to examine how muscles of different animals such as 
frog and feline work under different conditions. Muscles of different living beings are 
said to be similar since them all breakdowns to the same component named protein. 
 
1.2 Significance 
Mobility of aging population is highly depending on the functionality of muscles and 
joints. By modeling aging muscles and joints, we will be able to evaluate the level of 
mobility of aging people, predict the trend of functional degeneration, and accordingly 
design appropriate exercise or training patterns for aging group to prevent the loss of 
mobility.  
 
The first objective is investigating the relationship between joint angle (muscle length) 
and muscle force, activation level and EMG signal based on an anatomic model in 
biomechanical principles and experiments.  
 
The second objective of this thesis is to develop an effective muscle modeling 
approach for elbow muscle. Using this model several parameters that affected the 
muscle properties can be identified in the case of measurement task difficultly 
performing. The problem of the nonlinear dynamics of the model on the 
musculoskeletal structure is solved by using inverse dynamics and optimization 






Thirdly, due to the difficulty of measurement of fibre units, discussing the numbers and 
proportion between slow and fast fibre units are significant for the change of muscle 
force. 
 
The most important purpose of this study is to develop an iterative identification 
method to determine optimum muscle tendon length and muscle mass based on the 
nonlinear dynamics and biomechanical data. Understanding the characteristics of 
muscle function in vivo is important for assisting the design of tendon transfer and 
rehabilitation procedures, but determination of the physiological and anatomical 
parameters of muscle contraction is difficult and invasive mostly. Especially for 
optimum muscle tendon length and muscle mass, it is crucial for understanding muscle 
function using noninvasive method.  
 
It is important for understanding the characteristics of the muscle performance when a 
single muscle gets injured. Muscle properties or parameters deviate greatly for 
individuals, such as the muscle-tendon ratio, mass or inertia, percentages of the fast 
and slow muscle fibres, etc. Acquisition of these important muscle parameters is an 
important task when building up the human bioinformatics or bio-database. With such 
information, we will be able to know our capability in carrying out various works, 
know the suitability for participating in different sports, find the best training pattern 
for individual, provide useful information for medical diagnosis, treatment, 
rehabilitation, and design appropriate assistive devices for disabled and aged, etc. 
Hence, innovative, non invasive approaches that combine existing bio sensing 




equipment and biomechanical models, as well as other types of models should be 
explored to detect and identify muscle parameters such as mass, length, motor unit 
ratios, etc, so that a human muscle model that integrates clinical data can be created. 
 
1.3 Outline of Thesis 
The outline of this thesis is as follows: 
 
In Chapter II, the physiological and biological aspects are briefly explained for 
understanding the mechanical muscle models explained in later chapters. 
 
In Chapter III, the progression of muscle modeling development is summarized and 
discussed as the Hill model and its modifications by Zajac and Garad (Virtual Muscle). 
This chapter also explains the physical properties of the muscle, the force-length and 
force-velocity properties. 
 
In Chapter IV, a series nonlinear dynamics based on VM model are described in detail. 
Introducing various muscle parameters in this model, a number of classic methods are 
discussed to solve the identical root finding problem and then an iterative identification 
method was developed with a control approach.  
In Chapter V, the mechanical and anatomical model are introduced and used to 
measure isometric force in 5 different joint positions in 5 subjects with corresponding 
EMG level.  
 
In Chapter VI, we presented the results and simulations of relationship between 




activation and force, EMG level and force, angle and force, optimal length and force, 
as well as the investigation of relationship between motor units, EMG and activation 
levels 
 
In Chapter Ⅶ, identification method and result are presented for optimal tendon length 
and muscle mass. Simulations of different motor units’ proportion are also presented 
and discussed. 
 
In Chapter Ⅷ, conclusions to this work and an opening for future work with muscle 
parameters identification are provided, specifically focusing on the aspects of more 
















Chapter 2 Understanding of human 
musculoskeletal structure 
In order to begin investigating the parameters and properties of human muscle, an 
understanding of the underlying biology and physiology background of the muscle is 
required. The muscle is a contractile tissue of the body that can produce force and 
cause motion. It is connected to bones by tendons at the end of the muscle. Voluntary 
contraction of the skeletal muscles is used for different movements and can be finely 
controlled. 
 
2.1  Interior structure of skeletal muscle 
2.1.1 Structural organization of the muscle 
The detailed architecture of skeletal muscle is shown in Figure 2.1. Muscle is made up 
of groups of fascicle which are further individual components known as muscle fibres. 
Individual muscle fibres are made up of groups of myofibrils which are long thin 
parallel cylinders of muscle protein. These myofibril bundles are sectioned along their 
axial length into series of contractile units known as sarcomeres.  The section of 
myofibril contains two sarcomeres, one of which is circled to make it easier to identify. 
The sarcomeres of the myofibril are the force generating units of the muscle. The 
myofibrils are composed of myofilaments which are groupings of proteins [8]. The 
principal proteins are myosin and actin  known as "thick" and "thin" filaments, 
respectively. The interaction of myosin and actin is responsible for muscle contraction. 






Figure 2.1 Structure of a skeletal muscle [9]. 
 
2.1.2 Muscle fibre type and motor unit 
A motor unit is the name given to a single alpha motor neuron and all the muscle fibres 
it activates. There are two broad types of voluntary muscle fibres that exist in proteins: 
slow twitch and fast twitch. Slow twitch fibres contract for long periods of time but 
with little force, while fast twitch fibres contract quickly and powerfully but fatigue 
very rapidly. Same types of the fibres are grouped into one motor unit, slow motor unit 
and fast motor unit. The figure 2.2 shows the collection of muscle fibres into the motor 
units comprising a single muscle. Groups of similar motor units tend to be recruited 
together. Different types of motor units tend to be recruited in a fixed order. 





Figure 2.2 Collection of muscle fibres into the motor units comprising a single muscle [10]. 
 
2.2 Architecture of the muscle and joint  
The muscle is a contractile tissue of the body that has the ability to produce a force for 
motion. It is connected to tendons at both ends, which is in turn connected to the bone. 
(Figure 2.3)  
 
 
Figure 2.3 Functional properties of the bicep brachii muscle [11]. 
 
When the tendon is magnified, most fibre arrangement will be considered to be 
pennated by an angle named pennation angle. While the pennation angle increases, the 
effective force transmitted to the tendon decreases. The increase in pennation angle is 
caused by an increase in tension by muscle fibres. 
There are many parameters measured in a muscle architecture, which including the 




musculotendon length, muscle pennation angle, muscle fibre length and muscle 
thickness, were shown in Figure 2.4. 
 
 
Figure 2.4 Muscle architecture parameters measured in this study: Pennation angle (α ); Muscle 
fibre length (Fascicle length mtl ) [5]. 
 
Muscles can be responsible for a movement of the forearm about elbow joint which 
bends the arm. This movement is known as elbow flexion. In this motion, the elbow 
flexion muscles such as the biceps, brachialis and brachioradialis contract, pull the 
tendon which is connected to the bone and hence causing the arm to bend about the 
elbow joint.  
 
2.3 Muscle contraction and force generation 
Tension is generated by muscle fibres through the action of actin and myosin cross-
bridge cycling. When a muscle is under tension, it has the ability to lengthen, shorten 
or remain the same. Though the term 'contraction' has the meaning of muscle 
shortening, it also means muscle fibres generating tension with the help of motor 
neurons in the muscular system (the terms twitch tension, twitch force and fibre 
contraction are also used). The muscle fibres each muscle contained are stimulated by 
motor neurons. The total force of muscle contractions depends on how many muscle 
fibres are stimulated.  





There are 4 different types of contraction that muscles performed for complete 
movements. They are concentric or eccentric contractions, isometric contractions, and 
passive stretches. Isometric contraction is done in static position of a muscle without 
any visible movement in the angle of the joint. It means that the length of the muscle 
does not change during this contraction. An example of isometric contraction would be 
taken. When the elbow fixed at a 90 degree angle, the muscle has to produce a 
contractile force that prevents a weight from pushing the arm down (Figure 2.5) [12]. 
 
 
Figure 2.5 Isometric contractions with the elbow joint angle fixed at 90° [13]. 
 
2.4 Conclusion 
In this chapter, an understanding of the underlying biology and physiology background 
of the muscle is introduced. The interior structure of skeletal muscle, including the 
organization of the muscle and the connection of fibers, is presented with concrete 
pictures and explanation. By understanding the architecture of the muscle and joint, the 
procedure of a force for motion can be known from the contractile tissue of the body. 
The muscle is connected to tendons at both ends, which is in turn connected to the 
bone. Muscle contraction and force generation are illustrated to better understand the 




mechanical musculotendon model before the biomedical or mechanical models of the 





























Chapter 3 Mechanical Muscle Model 
In order to investigate the complex properties of the skeletal muscle, many mechanical 
and mathematical muscle model are developed to simplify and analyze the problems. 
 
3.1 Hill mechanical muscle model 
One of the earliest and most classic muscle models is Hill’s model developed by A.V. 
Hill in 1938.  The key finding of Hill’s model is the observation that a sudden change 
in force (or length) would result in nearly instantaneous change in length (or force) for 







where k is often called the spring constant. The classic Hill model is presented with a 
contractile and an elastic element in series by showing many of the key experimental 
observations and developing the appropriate equations. As the primary contractile 
tissue is called as the contractile element (CE), the classic Hill model of human muscle 
is shown in Fig. 3.1, with lightly-damped spring-like elements both in series (SE) and 
in parallel (PE) with CE [15].  
 
The contractile element is freely extendable when at rest, but shortening when an 
electrical stimulus activated.  It reflects the muscle fibre that connected to an elastic 
serial element. The series Elastic component accounts for the muscle elasticity during 
isometric (constant muscle length) force condition that is due in a large part to the 




elasticity of the cross-bridges in the muscle. This element is equivalent to the tendon 
muscle. Parallel elastic component accounts for the inter-muscular connective tissue 
surrounding the muscle fibres. It indicates the muscle membrane [16]. 
 
 
Figure 3.1 Hill's three element mechanical model [16]. 
 
Active tension is modeled by the contractile component, while passive tension is 
modeled by the series and parallel elastic components. The contractile tissue consists 
of the groups of muscle fibres which produces the active tension. It has two unique 
features, length-tension relationship and force-velocity relationship. Both of the 
properties are considered in this study. So the mathematical model for the length-
tension relationship and force-velocity relationship are defined as following.  
 
3.1.1 Length-tension relationship 
The relationship between the length of a muscle and the contractile tension that it can 
produce is shown in Fig. 3.2.  





As shown in figure 3.2 (a), the passive tension is produced in the muscle when it is 
stretched beyond a nominal slack length. The summation of active force and passive 
force applies to the entire muscle as well as to the individual sarcomeres. A muscle can 
exert the greatest contractile tension at its resting length in figure 3.2 (b). But in normal 
muscle, a greater overall force is produced when the muscle is stretched. However, the 
apparent increase is due to the contribution of the elastic components of the joint 










Figure 3.2 (a) Length-tension relationship of whole muscle [17]; (b) Length-tension relationship of 
the sarcomere [18]. 
 
3.1.2 Force-velocity relationship 
The force-velocity relationship, like the length-tension relationship, is a curve that 
actually describes the dependence of force on velocity of movement [15]. The velocity 
of muscle shortening (concentric action) is inversely proportional to a constant force. 
Conversely, as the velocity of muscle increases, the total tension produced by the 
muscle decreases. When the force is minimal, muscle contracts maximal velocity. As 
the force progressively increases, concentric muscle action velocity slows to zero. As 
the force increases further, the muscle lengthens. The general form of this relationship 
is shown in the figure 3.3. In summary, there is an inverse relationship between 
shortening velocity and force. 





Figure 3.3 The relationship between force and velocity [8].  (a) The dark curve shows the change 
produced by heavy strength training  (b) the dark curve shows the change produced by low load, 
high velocity training. 
 
3.2 Zajac mechanical muscle model 
Based on Hill’s muscle model, an extension with more complexities and accuracy has 
been made by Zajac. He extended the Hill model to include the tendon connection and 
pennation angles for muscle fibre. As shown by the muscle schematics in Fig. 3.4, the 
pennation angle is an angle made between the muscle and tendon at the point where 
they connect [10]. 
 
Based on these modifications, more important physiological properties of muscle-
tendon complexes are created. In Fig. 3.4, α  is pennation angle, sel is length of serial 
element, cel is length of contractile element (CE),  Tl  is length of tendon,  Ml  is length 
of muscle, and MTl  is length of musculotendon system. seK  is series elements stiffness, 
peK  is parallel elements stiffness,  MK  is muscle stiffness and TK  is series tendon 
stiffness. 
 




Based on geometry, the musculotendon actuator force-length-velocity properties can 
be defined by Eq. 3.1. 





k k kdP V V







                             （3.1) 




α α= +  and M PE SEk k k= +  




Figure 3.4 Zajac mechanical muscle model, including tendon stiffness and pennation angle [10]. 
 
Although the Zajac muscle model has been used by many researchers to investigate 
human motion and biomechanics, the Zajac model does not appear to have a well 
founded physiologically-based interpretation [10]. 




3.3 Virtual Muscle 
Virtual Muscle model is created by a simple structure of lumped fibre types and a 
recruitment algorithm to meet the needs of physiologists and biomechanists who 
intereste in the use of muscles to produce natural behaviors. For researchers who are 
interested in the models adopted, the recruitment model of motor units is adopted from 
Brown, the contractile properties of mammalian muscle from Brown and Loeb, and the 
elastic properties of tendon and aponeurosis from Scott and Loeb. This model differs 
from the Hill-type models and includes length dependence of the activation–frequency 
(AF) and force–velocity (FV) relationships as well as sags and yield behaviors that are 
fibre-type specific [2]. These processes are usually ignored or used independently in 
other muscle models [20]. 
 
The model contains a contractile element and a series element based on a modified 
Zajac type model for constructing an accurate musculoskeletal system. There are four 
subsystems used to model each part of element in the system. Figure 3.5 gives the 
schematic graph of muscle model. The contractile element (CE) represents the 
fascicles in parallel with the passive element in the muscle belly. The passive element 
(PE) consists of stretching (PE1) and compressing components (PE2) which are well 
recognized as nonlinear spring in the passive muscle. 'ceF  is a force produced by the 
summation of contractile and passive components in the fascicle. The mass subsystem 
is used to prevent the system unstable as the contractile element and series elastic 
element act on each other [21]. The series-elastic element (SE) represents the effective 
length of the tendons. It is also a non-linear spring which has the similar properties as 




PE. The force seF  produced by SE is dependent only on length. It should be noticed 
that the pennation angle included in Zajac model is assumed negligible for this model. 
 
 
Figure 3.5 Schematic of muscle model [22]. 
 
One set of functions and terms with known anatomical structures and physiological 
processes that occur in muscle and tendon are created in this model as following figure 
3.6. The elements are related by a one to one conjunction with the physiological 
substrates of muscle contraction. And each element represents an equation by one to 
four input variables, with one to seven user-modifiable coefficients. 1PEF  represents the 
passive visco-elastic properties of muscle stretching. 2PEF  represents the passive 
resistance to compression of the thick filaments at a short muscle length. FL represents 
the force–length relationship, and FV represents the force–velocity relationship. fA  
represents the isometric, activation–frequency relationship. efff  represents the time lag 
between changes in firing  frequency and internal activation (i.e. rise and fall times). 
effL represents the time lag and effect of length on Af relationship. S represents the 
effect of ‘sag’ on the activation during a constant stimulus frequency. Y represents the 
effect of yielding (on activation) following movement during sub-maximal activation 




[20]. The detailed model equations and terms that have been explained as Figure 3.6 
are shown in the list of appendix 1. 
 
 
Figure 3.6 Schematic representations of the model equations and terms [20]. 
 
3.4 Conclusion 
In this chapter, we present a majority of significant and simplified muscle models, 
including Hill’s muscle model, Zajac muscle model and VM model, which 
theoretically explain the complex actions performed by muscles. Activated muscles 
create a force that has two sources: active and passive tension. Hill’s model is one of 
the most widely used mechanical models of muscle that takes into account both the 
active and passive components of muscle tension.Then, Zajac extended this model and 
made modifications to include the tendon connection and muscle fibre pennation 
angles for increasing muscle model's accuracy. Virtual Muscle (4.0) model, which is 
used in the thesis for theoretical research, includes a simple structure of lumped fibre 
types and a recruitment algorithm to meet the needs of physiologists and 




biomechanists in the use of muscles. Differing from the other available muscle model, 
it introduces sags and yield behaviors that are usually ignored or used independently 
and it works with an entire muscle other than individual muscle fibers. Based on the 
equations of virtual muscle model, we try to identify the muscle parameters which 





































Chapter 4 Formulations of problem: 
Iterative learning method 
In this work, we develop a human muscle model based on Virtual muscle model 
[Appendix 1] and modifications in Gerad’s model [22]. There are several parameters in 
this model which determine the muscle force performance seF significantly, for 
instance muscle mass m and optimal muscle-tendon length otL . The relationship 
between seF and m , otL  is described by highly nonlinear differential equations. It is 
difficult to obtain the parameters m and otL from the inverse mapping which is a 
function of seF , because the mapping is unknown or difficult to obtain. Aiming at this 
problem, we compare several different optimizing method and propose a new 
identification method to recognize parameters m  and otL by using iterative learning 
and optimization. 
 
4.1 Equations of the muscle model 
In this section, a musculotendon dynamics is modeled as a second-order mechanical 
system with a number of equations for computation of the force generated by the 
muscle based on Virtual muscle equations in appendix 1 [20]. This system includes the 
muscle mass driven by the difference of forces generated in contractile element and 
series element in chapter 3.3. 
 




The equations are made up of a series of differential equations and dynamics equations 
according to two types of motor units.  
 
For slow units, the differential equations are as following. 
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1x  is the intermediate firing frequency of second-order excitation dynamics of 
thi  unit 
and the initial value is 0; 2x  is the effective frequency of 
thi  unit and its initial value is 
0; 3x  is yielding factor for slow motor units. 
 
For the fast units: 
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(4.6) 
where 1y is the intermediate firing frequency and 2y is the effective frequency of 
thi  
unit, 3y  is sagging factor for 
thi  fast motor units. The initial value of 1y and 2y is 0; the 
initial value of 3y is 1.76. 
 




For the whole system, if muscle mass is treated as a node, we can construct two 
differential equations as follows: 











               
(4.8) 
where 1z  is the contractile element (fascicle) length ( ceL ) and the initial of ceL  is the 
path to initial position;  2z  is the velocity of contractile element ceV  and its initial 
value is 0. 
The estimation of the initial muscle mass position can be calculated as below. 












                                  (4.9) 
where 30c  represents the maximal fascicle length maxL  which is calculated in terms of 
maximal musculotendon path length pathL and optimal tendon length otL , otL  is the  
target parameter. It is calculated as bellowing. 





=                                        (4.10) 
It is based on the assumption which is true for feline muscles. A few tests showed that 
this estimation is correct with 0.5% at the worst.  
 
Each motor unit of same motor fibre type innervates a fraction of muscle’s total PCSA 
that will be explained in section 4.3 for more details. Realistic recruitment of motor 
units activate in a fixed sequence, for example, smaller number and slow-twitch motor 
units are recruited first comparing to large number of fast-twitch fibres according to 
Henneman’s size principle [21]. So for slow motor units, the automatic distribution of 




PCSA for each motor unit is calculated as:  
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and for fast units, the PCSA of thi unit is: 
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where the ration of slow units and fast motor units is 0.5. 
 
For both type of units, there are several equations for the thi unit: 
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where 1f  is firing frequency input to second-order dynamics of 
thi unit; the maximum 
firing frequency is 2 and minimum is 0.5, the fractional activation level is 0.8, U  is the 
activation input. 
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where 2f  is the fall time fT  and 3f  represent the relationship between activation and 
frequency fA .  
 
For the production of force, we can consider it is the linear combination of muscle 
contractile force with each motor unit. So for each motor unit, we have that 
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2g is effective activation level, an intermediate muscle activation signal;  3g  is a force-
length function of slow or fast muscle fibre type;  4g  is a force–velocity function of 
slow or fast muscle fibre type;  5g  is the force of compressive contractile passive 
component and 6g  is the stretching passive element force;  4f  is the total contractile 
element force;  5f  ( otL ) is tendon length we want to identify; 6f  is series elastic 
element force(tendon force seF ) that we can measure by using force sensor. The 











40c  is the maximal tetanic force which in turn scales all of the force output of the 
muscle. And 3c  is muscle mass m ; 41c is muscle density which is fixed at
3/06.1 cmg , 
4c  is optimal fascicle length and the specific tension is fixed at 31.8. 
 
The various coefficients corresponding to the equations of feline muscle are provided 
for two types of human fibre in Table 4.1. 












; 2c =0.043 
8mc =0.034283; 9mc  =0.022667; 
10mc =0.047033;  11mc =0.025217; 
8nc =0.0206;  9nc =0.0136;   
10nc =0.02822; 11nc =0.01513; 




12c =0.56; 13c =2.11; 14mc =5; 12c =0.56; 13c =2.11; 14nc =3.31; 
15mc =2.3; 16mc =1.1244; 17mc =1.62; 15nc =1.55; 16nc =0.74633; 17nc =2.12; 
18mc =-7.88; 19mc =5.88; 20mc =0; 18nc =-9.1516; 19nc =-5.7; 20nc =9.18; 
21mc =0.34936; 22mc =-4.7;  
23mc =8.41; 24mc =-5.34; 
21nc =0.68637; 22nc =-1.53;  
23nc =0; 24nc =0; 
28c =23; 29c =0.046; 31c =1.17 28c =23; 29c =0.046; 31c =1.17 
33c =27.8; 34c =0.0047; 35c =0.964; 33c =27.8; 34c =0.0047; 35c =0.964; 
36c =0.35; 37c =0.1; 38c =0.2;  
Table 4.1 Constants for the Virtual Muscle model. 
 
It should be noted that in order to advance the calculation velocity and efficiency, we 
replace 2 second order equations (eq.4.31 and eq.4.32) that are used in Zajac’s muscle 
model dynamics with ceL . This modification has been demonstrated in Virtual Muscle 
4.0. Compared to the original model with second order equations, we can find that the 
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4.2 Model structure 
Based on the equations developed previously, the configuration of muscle model can 
be implemented as shown in Appendix 2.  The model is composed of two parallel parts 
which represents the fast fibres and slow fibres respectively. This model has two inputs 
that are the unknown parameters: optimal tendon length otL  and muscle mass m , and 
one output seF  representing the muscle force generated by fast and slow type fibres 





In this thesis, as the multiple inputs single output model has complex internal 
construction that is critical difficult to analyzing, several different identification 
methods can be tried to apply for identifying this system. 
 
4.3 Discuss the values of the parameters in this model  
The model requires a large set of morph-metric and architectural parameters: 
 
Activation （U） 
This is a value for activation of the active part of the contractile element, and between 
0 and 1. This activation can be converted into an effective firing frequency of the 
motor unit by the recruitment element of muscle as equation 4.13 and 4.14. Typical 
activation value might be from EMG data scaled to the level of maximal voluntary 
contraction [21]. 
 
As the activation increases, all the motor units are recruited sequentially. Slow-twitch 
fibres have a lower recruitment rank than the fast-twitch. So, the firing frequency of 
each motor unit is linearly between minimum frequency and maximum frequency. This 
part has been discussed in chapter 2. 
 
The frequency of each unit begins at minf when that unit is first recruited and reaches a 
maximum of maxf when input activation equals 1. Within each fibre type, motor units 
are recruited in the order where they were listed (i.e. it assumes that the motor units 




were listed in order of size). A linear relationship between the fractional PCSA 
recruited and activation is maintained. The detailed recruitment algorithm is shown as 
Figure 4.1 below. 
 
Figure 4.1 Natural discrete recruitment algorithm as applied to a muscle consisting of three 
simulated slow-twitch and three fast-twitch motor units, respectively. iU  is the recruitment 
threshold of thi  motor unit; rU , 0.8, is the activation level at which all the motor units are 
recruited. Once a motor unit is recruited, the firing frequency of the unit will rise linearly with 
U between minf and maxf . This recruitment scheme mimics biologic recruitment of motor 
neurons [20]. 
 
Maximal Musculotedon length ( max
mtL ) (Whole muscle) 
The musculotendon path length is the maximum length of the whole muscle at the 
most extreme anatomical position and required in units of centimeters. This value may 
have to be calculated from the available data in the skeletal dynamics model, but not 
equals to the sum of fascicle length and tendon length. 
 
Muscle mass M  (g) 




This is a value of the muscle belly mass in grams. If the muscle mass is provided, the 
volume of the muscle which is used to calculate PCSA could be obtained by equation 
in conjunction with the density of muscle in equation 4.30. This value also can provide 
stability to the simulation for the interaction between the contractile element and the 
elastic tendon element [23]. 
 
In our model, half of this value is incorporated to provide inertial damping – i.e. the 
muscle mass is assumed to centered halfway along the length of the fascicles. The 
stability of the model proved relatively insensitive to the amount of muscle mass used; 
a change in the stabilizing mass by an order of magnitude only changed rise and fall 
times of force production by a few milliseconds. The only stipulation for collecting 
this value is that the wet weight be used, not the weight of desiccated muscle. 
 
Fascicle length oL  (cm)  
Fascicle length is an average length of the fascicles in the muscle belly rather than the 
real muscle belly length or the whole musculotendon path length, when the muscle is 
at its optimal length to produce isometric force. So this value is measured at the 
condition that the fascicles must be at the optimal length that provides a maximal 
tetanic force. It is used to determine PCSA which is then used to calculate oF . It is also 
used in conjunction with optimal tendon length ( otL ) and maximal musculotendon path 
length ( max
mtL ) to calculate fascicle length maxL .  
 
Tendon length otL  (cm)  
This value is a length of the tendon when the tendon is stretched by the maximal titanic 




force of the fascicles. It is also used in the calculation of the fascicle maxL . 
 
While the total range of length of tendon is small, it can exert large effects on muscle 
force because it changes the way in which velocity of the whole-muscle length appears 
at the contractile elements, which are very velocity-sensitive.  
 
oL and otL were obtained from reference for each muscle from Table 4.2. These 
available values are assumed as the desired and reference value for our learning results. 
 
Muscle Muscle mass M  (g) 
Optimal fascicle 
length  ceoL  (cm) 
Optimal tendon 
length  seoL  (cm) 
Biceps Long 335.99 16.00 24.50 
Biceps Short 311.03 21.50 15.50 
Table 4.2 Most of muscle parameters for biceps long and short muscle [5]. 
 
Muscle PCSA ( 2cm ) 
It means physiological cross-sectional area of the muscle. This value is calculated in 
conjunction with muscle mass ( M ) and optimal fascicle length ( oL ) as the equation 
shown as below. A muscle density of 3/06.1 cmg is assumed [21]. And the pennation 
angle is ignored. PCSA is an important anatomical parameter because the maximum 




The fraction of total muscle PCSA assigned to each fibre type, and the total fraction of 










The percentage of fibre distribution for slow- and fast- types was obtained from 
readings for the elbow muscles. In this thesis, the composition of the motor units we 
used is shown in Table 4.3. 
Muscle Slow units Fast units 
Biceps Long 0.3 0.7 
Biceps Short 0.5 0.5 
Table 4.3 Proportion of biceps long and short head for PCSA [5]. 
 
Number of motor units ( ,m n ) 
Muscles are made up of motor units. Each unit consists of a motor neuron and several 
hundred muscle fibres it innervates [4]. All of these fibres will be of the same type, 
either fast twitch or slow twitch. Groups of motor units often work together to 
coordinate the contractions of a single muscle, and different type of motor units tend to 
be recruited sequentially. The less the motor units are, the more precise the action of 
the muscle is. 
 
The muscle model is simplified by this idea. Each muscle is broken into different fibre 
type that including similar group of muscle units, with each unit being defined by the 
fibre type, the recruitment order and the force-producing capacity (which is 
proportional to the total PCSA) [21]. Normally a muscle has about 100 or more motor 
units. From the previous chapter, if we assume the force is isometric maximal 
voluntary contraction (MVC), all the motor units will be recruited in the model. It 
means that the number of motor units has no effect on this force output. If in order to 
discuss the effect of motor unit composition, a small number of motor units will be 
used to simplify the system [4]. 
 




4.4 Inputs and outputs  
It is well known that altering joint angle or muscle length has a significant effect on the 
maximum force that a muscle can produce. The established principle idea of length-
force relationship of muscle is one of the most important characteristics of skeletal 
muscle, which represents the potential muscle strength with respect to the muscle 
length. We can clearly know that the most critical parameter in the length-force 
relationship is the optimum muscle length, which is defined as the muscle length at 
which the maximum muscle force can be generated [24]. 
 
So in this model, the input otL  (cm) is the length of tendon at the muscle’s optimal 
force and the other input is muscle mass M  (g) which serves two purposes discussed 
already. The output is muscle force with respect to optimal tendon length and mass. 
 
4.5 Root finding methods 
 
In general the method used depends on the behavior of the target function. Base on the 
function, the problem of identification parameters for a highly nonlinear system can 
also be solved as a root finding problem when the number of input and output is same, 
m n= . At this time, the mapping of relationship between parameters and force in 
chapter 4 can be formulated as 
0)( =− yxf  
when there is only one independent variable, the problem is one-dimensional. 
Common root finding schemes for functions with one or more variable are briefly 




discussed in this section. The range of available methods includes iterative methods 
based on the derivatives of the target function and random search algorithms. They 
includes:  Bisection Method, Secant Method, False Position Method and Newton-
Raphson Method. In order to solve two or more non-linear equations numerically, we 
have to choose some classic algorithms that we can consider in our high dimension and 
nonlinear system; the False Position Method and Newton-Raphson method are applied. 
 
4.5.1 The False Position method  
 
An algorithm for roots finding which retains the most recent estimate and the next 
recent one for which the function value has an opposite sign in the function value at 
the current best estimate of the root. In this way, the method of false position keeps the 
root bracketed [24]. But the emphasis on bracketing the root may also restrict the false 
position method in difficult situations while solving highly nonlinear equations.  
 
In this method, the iteration starts with an initial interval ],[ ba , and we assume that the 
function changes sign only once in this interval. Then another point c can be found in 
this interval, which is given by the intersection of the x axis and the straight line 
passing through ))(,( afa and ))(,( bfb in the equation 4.33.  







−=                                              (4.33) 
Now, we choose the new interval from the two choices ],[ ca or ],[ bc  depending on in 
which interval the function changes sign.  
 




So we can try to use this method in our muscle model system to identify one parameter 
due to the limitation of this method only available for one dimensional system. 
 
As we know from the simulation, the force value of function is 448N when the muscle 
mass and tendon length is fixed as 336g and 24cm. So we can try to find out the 
desired tendon length value when the force and mass is known firstly. It can obtain a 










Figure 4.2 Simulation results for the reference function f(a), f(b) and the identification answer. 
 
It converges fast to the root because this algorithm uses appropriate weighting of the 
initial end points a , b  and information about the function. In other words, finding c is 
a static procedure since for a given a  and b , it gives identical c , no matter what the 
function we wish to solve. Though it has a good result in solving the highly nonlinear 
problem for one dimension model, it cannot be used to solve the multi-dimensional 
problem if we add a new mapping in the muscle model because of the inefficacy of 






4.5.2 Newton-Rahpson method 
In order to solve the multi-dimensional problem, the majority of optimization 
algorithms are based on the methods using gradient and first or higher derivatives of 
the target function. These methods approximate the target function )(xf by a Taylor-
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(4.34) 
From this equation (4.34) the gradient and the curvature of the target function for the 
first and second order approximations in the pointis 0x used to calculate the new 
generation for the next step.  
 
Newton's method, also called the Newton-Raphson method, is a root-finding algorithm 
that consists of extension of the tangent line at a current point xi until it crosses zero, 
then setting the next step 1+ix to the abscissa of that zero crossing. It uses the first few 
terms of the Taylor series expansion of a function )(xf in the neighborhood of a point 
given by equation (4.34).  
 
Newton direction, the directions of improvement obtained from Newton-Raphson 
method, is used in some root-finding algorithms. For the Newton direction, a quadratic 
approximation of the target function (4.34) is used. For existing second derivatives 
of )(xf , the minimum of the target function and the Newton search direction is given 
by the equation 4.35 [24]. 




                                        0)()( 0
"
0
' =+ εxfxf                                            (4.35) 
These algorithms need the derivatives of the model function )(xf . If the function 
)(xf is given by an analytical formula, the first and second derivatives can be 
calculated directly. But for a model function formed by results of several simulations, 
it is impossible to find analytical expressions for the derivatives. 
 
Keeping terms only to first order in 4.34,  
 '0 0 0( ) ( ) ( )f x f x f xε ε+ ≈ +  (4.36) 
For small enough values of ε  and well-behaved functions, the terms beyond linear are 
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With a good initial choice of the root's position, the algorithm can be applied 
iteratively to obtain  
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When a trial solution ix differs from the true root by iε , we can use (4.34) to express 
)( ixf , )(' ixf in (4.37) in terms of iε and derivatives at the root itself. The result is a 
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Equation (4.40) says that Newton-Raphson converges quadratically. At the 
neighborhood of a root, the number of significant digits approximately doubles in each 
step. The strong convergence property makes Newton-Raphson available for any 
function whose derivative can be evaluated efficiently, and whose derivative is 
continuous and nonzero in the neighborhood of a root. 
 
However, this method requires the use of the deviations of the input-output mapping. 
From the relations (4.1) to (4.30), the derivatives of muscle force ( 6f ) to 7c  can be 
calculated and analyzed as 
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in which some implicit functions are involved, in addition to the fact that the muscle 
model system is highly nonlinear and dynamic. The deviation of input-output mapping 
is difficult to obtain for using in Newton-Raphson method. 
 
The Newton-Raphson method is faster than the other simple methods, and is usually 
quadratic. It is also important because it readily generalizes to higher-dimensional 
problems. However, it is only used when the deviations of target function is easy to 
obtain. So it is still not available for our muscle model problem.  
 




4.6 Iterative learning approach 
In comparison, iterative learning (IL) method is adopted to a simple and effective 
solution to the parameter identification problems of the muscle model which is highly 
nonlinear and multi-dimensional. IL method can guarantee the learning process 
convergence even if the plant model is partially unknown or difficult to analyze.  
 
The concept of iterative learning was first introduced in control to deal with a repeated 
control task without requiring the perfect knowledge such as the plant model or 
parameters. It is a tracking control method for systems that work in a repetitive mode. 
The present control action could be updated by using information obtained from 
previous control action and previous error signal, even though the control plant is 
highly nonlinear. 
 
4.6.1 Principle idea of iterative control 
Considering the relationship between parameters and muscle force described by the 
mapping: 
( )y f x=  
where x  and y  indicate the parameters m , otL and muscle force seF , 
m
xx R∈Ω ⊂ and 
n
yy R∈Ω ⊂ , m  and n  are integer numbers. The learning objective is to find suitable 
parameters x  such that the force y  can reach a given region around the desired 
value dy . 
 
The principal idea of IL is to construct a convergent equation: 




                                                     1 ( )d i d iy y A y y+− = −                                          (4.41) 
where the norm of A  is strictly less than 1, so that learning process could be 
convergent after thi  iteration or learning trial. To achieve the convergent equation 
(4.41), the relevant repetitive learning law is: 
                                                        1 ( )i i i d ix x g y y+ = + −                                         (4.42) 
where m nig R
×∈  is a learning gain matrix. It can be seen that the learning law (4.42) 
updates parameters from the previously tuned parameters, ix ， and previous 
performance error ( )d iy y− . The schematic of the IL process for parameters 
identification is shown in Fig.4.3, where ix  is the input of this system and 1iy +  is the 
output response of the muscle model. 
 
Figure 4.3 The schematic of the IL process for parameters identification. 
 
If  m n= , the process gradient is defined as  
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where * 1 1[min{ , },max{ , }]i i i i i xx x x x x+ +∈ ⊂ Ω . Therefore in the equation (4.41), the 




magnitude A is that  
                                                     
*( ) 1i iA I F x g ρ= − ≤ ≤                                      (4.44) 
The learning process could be guaranteed convergent as long as the learning gain ig  
satisfies equation (4.44). 
If m n> , there exist infinite numbers of solutions satisfied equation (4.44) because of 
redundancy in control parameters. For this condition where we have 2 parameters 
m and otL  and 1 output seF , we add one more output for mapping condition so that 
equation (4.43) and (4.44) could be used.  
4.6.2 Learning gain design  
 
To guarantee the contractive mapping (4.44), the magnitude relationship must satisfy 






is the gradient of process function. The 
selection of learning gain ig  is highly related to the prior knowledge on the 
gradient iF . 
 
We can choose 1i
i
g F=  as the learning gain so that produces the fastest learning 




By simplifying and analyzing the equations and structure of the muscle model, we try 




to use a number of classic methods, including false position method and Newton 
Method, to solve this parameters identification problem, or a root finding problem 
before iterative learning method is introduced. Since this is a high nonlinear system 
and the derivative is difficult to obtain, in order to avoid calculating derivative and 
providing two initial bracket points, IL method is discussed according to the structure 

















Chapter 5 EMG, biomechanical principles 
and experiment setup 
5.1  EMG 
Electromyography (EMG) is a technique testing and recording the electrical signal for 
activity of skeletal muscles. It provides insight into control of motor units during 
muscle contractions and represents the activation of multiple motor units and the 
superposition of motor unit action potentials. EMG reading would be a reflection of a 
maximal voluntary contraction (MVC) of 1 as this represents the total utilization of the 
muscle. Its amplitudes are scaled linearly to obtain activation, and the relationship 
between EMG and neural activation is discussed in the following chapter. 
 
The raw surface EMG signal ranges between +/- 5 millivolts and the components of 
the frequency lies between 6Hz and 500 Hz, with the most frequency power lies in the 
range of 20Hz to 150Hz [19].  During the propagation of the signal from the muscle 
membrane to the surface electrodes, the EMG signal is subjected to several external 
influences which change the behavior and characteristics of the signal.  
 
For EMG signal processing, there is a common set of features that can be extracted to 
use for signal analysis. Most widely used and extracted features is the root mean 
square (RMS) value in the temporal domain and the medium frequency (MDF) value 




and mean frequency (MNF) value in the spectral domain [25]. 
5.2 Biomechanical principles 
5.2.1 Rotational equilibrium principles for bicep force  
  
In order to obtain force exerted by the biceps branchii non-invasively, a bio-
mechanical model based on the laws of moments has been utilized. By using the 
readings obtained from the force transducer, we can calculate the force exerted by the 
biceps based on the concepts learnt from torque and rotational equilibrium. For a body 
to be in equilibrium, it must satisfy the following condition: 
0netT =  & , ,cw net ccw nett t=  
where netT represents net torque about a joint, ,cw nett represents clockwise torque, and 
,ccw nett represents counter clockwise torque. An anatomical illustration of the experiment 
is shown below (Figure 5.1). 
 
Figure 5.1 Schematic view of the measuring arrangement, the palm is turned towards the shoulder. 
The forearm can be fixed in any position between 180° and 40° [25]. 
 
For the arm to be maintained in rotational equilibrium while performing MVC, by 
principles of rotational equilibrium, the bicep’s contractile force BF  can be calculated 
as follows for the exemplary figure below (figure 5.2): 




2 1By TyF d F d× = ×  
where cosBy BF F θ= ,  sinTy TF F β= , and  90θ α= −
 . 1 2/d d  has been fixed as 6/1.  
 
 
Figure 5.2 Experimental setup for force-angle experiment. 
 
5.2.2 Anatomical model of the elbow joint 
Anatomical muscle lengths could be estimated by using measured joint angles with a 
bio-mechanical model adopted from [26], which is based on the assumption that the 
line of action for the elbow flexor is represented by a straight line joining the muscle 
origin and insertion (Figure 5.3). The moment arm of the muscle and muscle length 
can be derived through the following equation: 
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(5.2) 
                                                              ( ) sinh Bϕ φ=                                                                (5.3) 
where ϕ  is the angle between the line along the forearm and that of the tendon at the 
insertion; ϕ  is the elbow flexion angle; A is the distance from muscle origin to elbow 




joint; B is the distance from muscle insertion to elbow joint; ( )L ϕ is the length of the 
contractile part of muscle; tL is the length of tendon at proximal and distal side of a 
muscle ( 1 2t t tL L L= + ); ( )h ϕ  is the mechanical advantage or moment arm of the 
muscle. In this modeling, the tendon deformation was ignored. 
 
 
Figure 5.3 Biomechanical model of elbow joint where (180 ϕ− ) represents elbow joint angle; 
( )L ϕ the muscle length; tL the tendon length; ( )h ϕ  the muscle moment arm; A the distance 
from muscle origin to elbow joint; and B the distance from muscle insertion to elbow joint [26]. 
 
5.3 Experiment method 
5.3.1 Subjects 
Three healthy male volunteers with a mean age of 27 years gave their informed 
consent and participated in this study. Male, adult subjects were chosen because 
surface EMG signals of the bicep muscle were observed to be relatively easier to 
detect as compared to female and adolescent subjects. 
 




5.3.2 Experimental Setup 
Isometric contractions of the biceps brachii muscle at the right elbow are performed to 
measure the bicep force. A force sensor is used to measure flexion torque at the right 
elbow joint. It is attached to the end of a wrist strap that bond to the elbow of a subject. 
The measurement range of transducer is up to 50kg. The subject has to keep a neutral 
position with the forearm in supinated position. Detection of EMG signals from right 
biceps brachii is implemented using surface electrodes with inter-electrode distance of 
10mm. The amplification is settled with gain of 5000, 10-400Hz band-pass filter, 50Hz 
notch filter by setting adjusted in Stand Alone Monitor (SAM). Sampling is at 1000Hz 
to obtain discrete EMG signal through Analog-to-Digital converter. In the end, EMG 
signal is recorded using PSYLAB Data Acquisition software and data is extracted 
using PSYLAB Analysis software [25]. The system constitution is shown as Figure 5.4. 
 
 
Figure 5.4 Experiment setup constitutions. 
 
5.4 Conclusion 
From these characteristics musculoskeletal system has, this chapter has attempted and 
devised experiment to measure muscle force for finding out the values of some of 
parameters in a non-invasive manner by adopting the bio sensing capabilities of an 
EMG machine. The biomechanical muscle models are firstly introduced in 




understanding how isometric muscle length can be predicted through the elbow joint 
angle controlling, so as to reduce the need for invasive techniques for muscle length 
measurement. Hence, linear bicep muscle forces can be calculated using an external 
force sensor and by moments calculation about the joint. Researchers that are 
interested in regarding tendons as flexible linkage structure can adopt work from Loren 
and Lieber [20], where research have been done on tendon strains during muscle 

























Chapter 6 Experiment process and data 
collection 
6.1 Investigation of bicep force, elbow joint angle, 
length, and EMG relationships  
6.1.1 Experiment objective 
In order to investigate the mathematical performance of the bicep muscle force and the 
effect of different factors, EMG experiment and system simulation are used to collect 
the data that are compared in details. As the biceps long head and short head muscle 
can generate the forces that are equal order of magnitude at each elbow joint angle 
[27], the research objective of this thesis is mainly concentrated to long head biceps 
muscle. Firstly, the relationship between bicep force and elbow joint angle is plotted 
using dynamometer in the experiment. Through the equations in anatomical model of 
the elbow joint, the corresponding length of each angle can be calculated by given 
measured values of arm and forearm length. Secondly, the relationship between bicep 
force and EMG is examined through EMG signal processing. Thirdly, a Matlab 
program that comprising a series of equations explained previously is evaluated to 
investigate the force-length relationship. It could be the valuable guide and reference 
for discussing the accuracy of bicep force-angle experiment. 
 




6.1.2  Experiment procedure 
Each subject was instructed to exert maximal voluntary effort in 5 different elbow 
flexion positions (45°, 60°, 90°, 120° and 150°) with the forearm supination and the 
shoulder in 15° of abduction (Figure 6.1). 
 
Each elbow angle is defined as according to the degree of flexion, where a fully 
extended elbow is 1800. A total of 20 trials of maximum voluntary contractions (MVC) 
are performed for elbow flexion with a random sequence. Each testing repeats three 
times and the interval time is 5 minutes so that the effect of practice fatigue could be 
minimized. The duration of sustainable effort is 3s to maintain the MVC force level. 
After 4 times repetitive tests, the mean value of muscle force is calculated and 
recorded for data analysis. Then, the responding MVC bicep force is obtained by using 






Figure 6.1 MVC experiments conducted at 150°, 120°, 90°, 45° respectively. 
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6.1.3.1. Force against angle 
Based on the 3 subjects’ studies, the average values of bicep force are recorded and 
plotted against each respective elbow joint angles. 
 
In figure 6.2, it is clear that the angle- force relationship represents a campaniform 
curve with the range of bicep forces from 450N to 600N. By using a curve fitting 
program to generate the quadratic curve equation, the peak force could be calculated as 
603.3N with respective 101.2° of elbow flexion. It is obvious that the force increases 
till the angle reaches optimal angle, and then decrease with further flexion of the elbow. 
This experimentally measured force is then treated as a hypothetical value for 
determining the parameters by using iterative identification method in the following 
chapters. 
 
Hence, a corresponding optimal musculotendon length ( mtL ) could be calculated as 
40.5cm assuming no tendon deformation. 
 
 





Figure 6.2  Force Vs joint angle experiment. 
 
6.1.3.2. Bicep force Vs musculotendon length by simulation 
There are two curves shown in figure 6.3 when the simulation carries out assuming a 
series of parameters fixed in chapter 4. In fig 6.3 (a), the operating range of length-
force is from 27cm to 51cm. The maximum force is nearly 600N at 40cm and local 
minimum value is nearly 400N at 49cm. Fig 6.3 (b) shows the normalized length-force 
relationship in the local magnified region near maximal force, 37cm to 45cm. This 
region is consistent with the experimentally measured range in order to compare the 
result of experiment and simulation. Solving the polynomial curve equation, the peak 
force could be calculated as 600N at musculotendon length 41cm. 
 









Figure 6.3 (a) Force Vs Musculotendon Length Simulation; (b) Normalized Force Vs 
Musculotendon Length Simulation. 
 
6.1.4   Discussion 
Since the muscle length is a function of joint angle (equation 5.1-5.3) the operating 




ranges of the muscle length-angle relationship could be computed. 
 
The muscle generates its maximum force at optimal length when activation is 100%. 
The total force developed is the sum of the forces in both active and passive muscle 
tissue within the whole muscle as shown in figure 3.2 (a).  
 
Using the length-force relationship (Fig.6.3) obtained previously the optimal 
musculotendon length could be measured when the relevant force is maximum. At this 
time, this optimal length is the sum of lengths in both optimal fascicle length and 
optimal tendon length. 
 
From Figure 6.3 (a), it means that the length is 41cm which is the optimal 
musculotendon length at maximum force 600N. 
 
6.2 Investigation of relationship between motor units, 
EMG and activation levels 
6.2.1  Experiment procedure 
The detection equipment used as well as the experimental setup is the same as 
mentioned in chapter 5. However, in this experiment, the subject is now asked to 
conduct a different type of exercise. The subject was made to perform isometric 
contractions at 3 different elbow angles, namely 60°, 75°, and 90°. At each angle, 3 
subjects performed six 5-seconds isometric actions of the elbow flexors at 10, 20, 40, 
60, 80 and 100% of MVC. There were five minutes of rest between each contraction, 




and the order of presentation was randomized to minimize effects of muscle 
adaptation. Data acquisition techniques and analysis are also same as mentioned in 
previous experiment. 
 
6.2.2  Results  
6.2.2.1. EMG against LH bicep force 
The subjects’ LH bicep force values are averaged, normalized, and plotted against their 
respective EMG values that shown in figure 6.4. It shows the normalized relationship 
between EMG and bicep force for 3 different angles. The curves are extremely similar. 
 
Figure 6.4 Biceps long head force against EMG. 
 
6.2.2.2. Activation against LH bicep force (Virtual Muscle 
Simulation) 
By varying activation levels and keeping all muscle parameters as well as muscle 
length fixed, which is reflective of an isometric contraction, the simulation of 




relationship between activation level and force can be conducted in figure 6.5 where 
the forces have been normalized to the maximum force (MVC). It means that we can 
deduce the force proportion for MVC at each activation level using this relationship. 
 
 
Figure 6.5 Biceps long head force against activation. 
 
6.2.3 Discussion 
From the force-EMG and force-activation relationships found, we can form a 
relationship between EMG and activation (Fig. 6.5). The corresponding EMG can be 
known if the activation to the model is set. It means that the value of activation we 
should give to the model to produce a similar force could be known if given a pair of 
force and EMG values obtained from a subject experiment firstly. This integration of 
experimental results and muscle modeling will allow us to investigate the parameter 
values that might be presented in the subject’s muscle.   
 





Figure 6.6 Nomalized EMG signal against activation. 
 
6.3 Conclusion 
To generate and investigate isometric length-force experiments, one experiment and a 
lot of trials are implemented without extracting the muscle through invasive means due 
to humanitarian and practical reasons in this thesis. We can observe the muscle force at 
different joint angles of the upper extremity, the biceps brachii stretches and contracts 
accordingly. As such, we conduct isometric angle-force experiments in order to 
simulate actual changes in muscle length. Computer simulations on Virtual Muscle 
also are conducted to discuss the effects of muscle length on the force produced under 
different activation levels.  
 
Experimental results obtained for different elbow angles under 100% MVC have 
verified this approach of obtaining muscle force when compared with results obtained 




from in-vitro research done by Gordon [10]. However, for other joints such as the knee 
joint, it should be noted that the center of rotation moves in space as the knee rotates. 
Modifications to the model should be done accordingly if experiments are to be 














































Chapter 7 System simulation and 
identification of parameters 
As muscle parameters play an important role in researching the changes of muscle 
force, this thesis extends the existing methods of iterative control to highly nonlinear 
system with two parameters. Muscle mass and optimal tendon length can be predicted 
and compared to the real values in reference along with an experimentally measured 
force. Two prototype iterative learning identification algorithms are proposed and 
compared. Good convergence to the true values with small variances is shown via 
simulation results. 
 
7.1 Use standard iterative identification method 
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If the value of activation (U ) equals to 1, the frequency of fast/slow motor unit will be 
the same, equals to 2. That means the predicted MVC force at any given joint angle is 
same regardless of relative fast/slow muscle composition.  At the same time, the force-
length relationship and specific tension of these motor unit types are the same.  Hence, 
except muscle mass ( M ) and optimal tendon length ( otL ), the other parameters should 




be fixed assuming an arbitrary value of muscle motor units composition, for example, 
3 slow motor unit and 3 fast motor units used in this thesis. 
 
In this section, the optimal tendon-length and muscle mass will be obtained by a given 
force df  that is the experimentally measured value. Relevant forces, 6f  in equation 
4.29, will be generated using an estimated value of mass 0m and tendon length 0otL  as 
the inputs. If the generated force is not within the tolerance of the actual experimental 
force, a new set of inputs that is computed by the control law (eq. 7.1) will be used 
again. The process repeats automatically until approximate force that satisfies the 
convergent condition is obtained by using a Matlab program. 
                                                              1 ( )i i i i dx x g y y+ = + −                                                        (7.1) 








 and iy  is the function of ix . 
 
In the simulation of two inputs and one output, the relationship between force and 
mass and optimal tendon length is shown at a musculotendon length mtL  of 40cm in 
figure 7.1. The desired value of maximum force is 600N and the slope of force-mass 
line is 0.5. For the force-length curve, we can choose a minimum gradient value 0.018 




g  =  
 
 because of the monotone characteristic of the smooth curve discussed 
in previous chapter for a designed force of 596N with a tolerance of 0.017% (±0.1) 
based on the method mentioned in chapter 4.1.  The learning results in finite number of 
iteration are showed in figure 7.2. 






Figure 7.1 Force against Mass and optimal tendon length simulation. 
 





Figure 7.2 Results of the evolution of parameters M  and otL . 
 
 M  otL  Y  
Desired value 336 24.5 596 
Initial value 330 26 0 
Result 346.2 25.24 595.6 
Result 3% 3% 0 
Table 7.1 Simulation result of parameters with one output. 
 
From the table 7.1, we can clearly find that the learning result is not the aiming one 
though it can satisfy the convergence condition. In another words, it converges to a set 
of wrong values of muscle mass and optimal tendon length at a desired muscle force. 
Because there are two input parameters but only one output in our system that could be 
seen from figure 7.1, there exists an infinite number of solutions in the learning 
system. With an extra mapping of input and output, optimization method can be 
exploited in next chapter. 




7.2 Using an improved ILC  
As the standard iterative learning control method cannot obtain a satisfied result, an 
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 and iy  denotes ( )if x , the muscle force which is measured in 
the same experiment with same parameters but different elbow flexion position which 
means different musculotendon length for the muscle.  
 
So the simulation of force against mass and optimal tendon length can be shown in 
figure 7.3 at the whole musculotendon length is 40cm and 37.5cm respectively. 
 
 
Figure 7.3 Force Vs mass Vs optimal tendon length Simulation at the whole musculotendon length 
is 40cm and 37.5cm. 





As there are two curved surfaces intersecting in figure 7.3, the desired values of 
maximum muscle force are 600N ( mtL =40cm) and 485N ( mtL =37.5cm). It is difficult 
to determine the value of the learning gain, so we will discuss the possibility of the 
gain in 4 cases and show the result of the iterative simulation following.  
 
7.2.1 Constant gain 
Using the constant gain 
0.5 0.5
0.01 0.01i
g  =  − − 
 that is given from the figure 7.3, the 
force and parameters identification results can be obtained as shown in the figure 7.4.  





Figure 7.4 Force iteration simulation results using constant gain. 
 
From the figure 7.4, though the iteration can nearly converge to a constant value 
329.8g and 24.26cm respectively, the results are absolutely deviate the objective values 
of the parameters M and otL , 336g and 24.5cm.  
 
7.2.2 Using difference method 
As the force-length relationship is not a simple linear or monotone increasing problem, 
using a constant gain will not satisfy the convergence requirement of this system. The 




=  is the 
gradient of process function discussed in chapter 4. The selection of learning gain ig  is 
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Because of the highly nonlinear relationship between ix and iy , the ig can only be 
found numerically in most cases. A major problem of identification methods is difficult 
to deduce the complete expression of gradient from the plant model knowledge or the 
mapping function. So, a difference method that can approximate the gradient without 
need of calculus can be used for estimating the learning gain by using the values of 
parameters and force output obtained from previous two iterations in equation 7.3. 
                                                    1 2











                                              (7.3) 
The simulation results of iterative learning are shown in figure 7.5. 
 





Figure 7.5 Force iteration simulation results using difference method. 
 
7.2.3 Using difference method with bounding condition 
It is observed in the results of figure 7.5 that the calculated gain (7.3) may be singular 




sometimes due to the learning process may become slow when the parameters are too 
close at two adjacent iteration. A lower gain ig may be produced.  
 
To overcome this problem, a constraint is adopted to limit the range of the gains in 
updating the learning gains as: 
                                                    1 , 2i j
c g c< <
                                          
 (7.4) 
When a parameter is bigger, we can update it with a larger bound without suffering 
huge changes. We have to set suitable bounds for the gain, since an overly small bound 
would limit the parameter updating speed and an overly large bound would lead the 
constraint inefficacy. So, the lower and upper learning gain bounds are conducted from 
the simulation results of the gradient in figure 7.6 by using the difference method 
equation 7.3. 





Figure 7.6 simulation results of gradient. 
 
The simulation in Figure 7.6 clearly shows the upper bound and lower bound of the 
gradient using the difference method. Trying to use the constraints 0.01 0.2ig< <  to 
adjust the gains, we can obtain the simulation of the parameters iteration results as 
shown in figure 7.7. 
 









Figure 7.7 Simulation results of parameters iteration with bounds. 
 
In the figure 7.7, though the outputs can converge to the desired value, the parameters 
are fluctuating in an oscillation region of desired value.  
 
7.2.4 Using difference method with bounding and sign 
It is very difficult to obtain the required result if the signs of gain are unknown. 
Although an invariant gradient is assumed for majority iterative learning problems, the 
elements in iF (eq.4.44) may change sign and take either positive or negative values. 
Hence, we can try to introduce the signs of the gain with limited trials. 
 
Since gradient direction is a critical issue in searching, and the approximation (7.3) 
may not always guarantee a correct sign, we can use the estimation result in (7.3) 
partially by retaining the magnitude estimation, while still searching the correct control 




direction in following   
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       (7.5) 
where λ  is a constant gain in the interval of (0, 1]. This method is in essence the 
Secant method along the iteration axis, which can effectively expedite the learning 
speed [17]. 
 
A solution to the problem with unknown gradient is to conduct extra learning trials to 
determine the direction of gradient or the signs of the learning gains directly 
[ ]1, ,
T
i nγ γ γ= ± ± . In general, when there are two gradient components ( 1, 2,,i iD D ), 
there are 4 sets of signs {1, 1}, {1, −1}, {−1, 1}, and  {−1, −1}, corresponding to all 
possible signs of the gradient ( 1, 2,,i iD D ). In such circumstances, at most 4 learning 
trials are sufficient to find the greatest descending among the four control directions 
[28].  
 
For this condition, we use signs {1, 1} for the first gain and {-1, -1} for the second. 










Figure 7.8 Simulation results of parameters iteration with bounds and sign. 
 
Figure 7.8 shows the iterative learning tuning results for the fixed parameters, it shows 
the performance indices M and otL and the performance of output force iY . It can be 
seen that M is converging to 336g and otL is approaching to 24.48cm respectively. The 
iteration number is less than 60 when applying IL to the case of mtL 40cm and 37.5cm. 
The table of simulation results is shown in following (Table 7.2). The tolerance of each 
final parameters compared to the desired value is nearly zero. 
 




value 336 24.5 596 448 
52 Initial value 330 22 575.3 513.1 
Result 335.9 24.5 595.9 448 
Tolerance 0.02% 0 0.016% 0.016% 
Table 7.2 Simulation result of parameters with two outputs. 




7.2.5 Applying measurement data into IL method  
From the identification results shown in figure 7.8 and table 7.2, it is clearly observed 
that the tolerance of the two parameters are nearly zero, the iteration algorithm is 
effective in this identification system. Hence, we can apply this method to identify the 
vivo muscle parameters using experimentally measurement force result, 600N at 
mtL 41cm and 458N at mtL 37.5cm, as the desired force. The simulation results are 
shown in figure 7.9 and table 7.3. 
 
 






Figure 7.9 Identification results for experimentally measurement data. 
 




value 336 24.5 600 458 49 
Initial value 330 22 575.3 513.1 




Result 337.7 24.4 599.8 457.9 
Tolerance 0.5% 0.4% 0.03% 0.02% 
Table 7.3 Simulation result using experiment data for real muscle 
 
7.3 Simulation of motor unit composition 
As mentioned previously, the activation dynamics govern the proportional of the 
muscle, resulting in the magnitude of the force. Hence, when the activation is 100%, 
the muscle generates its maximum titanic force. But if the muscle is activated less than 
100%, the force generated by partial of the motor units is a scale of the maximum force. 
That is because the activation rate scales the force-length and force-velocity properties 
of the muscle.  
 
At this section, we can set activation level of 90% that can ensure all the motor units 
recruited in the model but not all fast motor units are firing at the maximum titanic 
frequency. The musculotendon length used for simulation also maintains at 37.5cm. By 
varying the composition of fast and slow motor units in biceps muscle model, the 
muscle force could be generated in table 7.4, where m is slow motor units and n 
represents the fast motor units.  
 
For this thesis, we only set 10 motor units for each fibre type at most where each unit 
represents a group of “real” motor units with a total physiological cross-sectional area 
(PCSA) of around 10% of the whole muscle [21]. Hence, the composition we focused 
on is not the real number of motor units but the proportion of slow and fast fibre type. 
 
n\m 0 1 2 3 4 5 




0 0 196.4667 268.7037 292.301 304.0072 311.1143 
1 242.7706 282.9191 284.0394 284.4019 284.5792 284.6874 
2 318.5915 329.7608 330.8764 331.2386 331.4189 331.5218 
3 342.8461 344.6146 345.7425 346.128 346.322 346.4225 
4 354.7168 351.8109 352.9366 353.3296 353.5043 353.588 
5 361.7656 356.0599 357.2007 357.5619 357.7375 357.8468 
6 366.4524 358.8731 360.0133 360.3635 360.5391 360.655 
7 369.7933 360.8647 361.9978 362.3806 362.571 362.6793 
8 372.3043 362.3632 363.5233 363.9103 364.0993 364.1893 
9 374.2659 363.56 364.6624 365.0958 365.2824 365.3729 
10 375.8378 364.5367 365.6657 366.0238 366.2041 366.2981 
 
n\m 6 7 8 9 10 
0 316.0701 319.432 321.9841 324.0004 325.579 
1 284.906 284.9572 284.9991 285.0314 285.0525 
2 331.8363 331.8976 331.9368 331.9653 331.9953 
3 346.6689 346.7155 346.7494 346.7941 346.8134 
4 353.6724 353.8958 353.9188 353.9643 353.9928 
5 358.0748 358.1336 358.1784 358.1972 358.2278 
6 360.7057 360.9262 360.9707 361.0042 361.0242 
7 362.6803 362.9512 362.9865 363.0231 363.0439 
8 364.2625 364.4331 364.4644 364.5006 364.5245 
9 365.4518 365.6032 365.644 365.674 365.701 
10 366.3854 366.5464 366.5888 366.6174 366.6461 




























Figure 7.10 3D surface force plot of fast against slow units. 
 
Figure 7.10 is a 3D surface of force against motor units through table 7.4. It is 




observed that greater force can be generated by the composition of more fast motor 
units compared to more slow motor units. For instance, the force is 361.9978N when 
the number of fast unit is 7 and slow unit is 2. In the contrary, if the composition of fast 
and slow unit is 2/7, the force represents 331.8976N. From figure 7.10, if the number 
of slow units is fixed as 3, the curve of force against fast units varies greatly; but the 
curve increase gently when fast unit fix to 3. 
 
Using the relationship between force and activation level shown in figure 6.5, we can 
extract the normalized force level as 0.743 for the maximum force when the activation 
level is 0.9. Hence, the force can be calculated as 446.02N corresponding to the MVC 
600.3N. Using this force, the motor unit ratio table can be used to compare against so 
that to obtain the motor unit composition. However, the empirical force cannot be 
matched against a force value in the motor unit ratio table due to the fact that the 
muscle parameters that refer to the model may not be completely consistent to the 
parameters that we are investigating under empirical conditions.  
 
7.4 Conclusion 
Both IL identification methods discussed in this chapter are attempts at parameters 
identification in muscular system, although the two approaches have a same core 
theory. The standard iterative identification method attempts to find out the parameters 
by using normal IL method in only one mapping with one output and two inputs. 
Another improved IL method is based more heavily on two sets of mapping and 
bounding knowledge which can be obtained by the gradient information. The result of 
simulation demonstrates the possibility and accuracy by comparing to the desired 




values. Using the simulation of motor units’ composition the effect of individual motor 
unit for whole muscle force production can be analyzed and discussed. Although the 
IL methods has a effective result on a more complete force and experimental human 
model with assumed coefficients, there is still work that can be done to improve the 
models. This is discussed in the final chapter where future work is discussed and the 





















Chapter 8 Conclusions and future work 
8.1 Summary of Results 
In chapter 2, the concept and properties of human muscle, especially for biceps brachii 
and tendon muscle, are introduced. Identification human muscle parameters are widely 
encountered in education research, health rehabilitation and sports science. Before any 
biomedical or mechanical models of the muscle can be discussed, an understanding of 
the underlying physiological and biological aspects is required. The internal and 
external structures of the muscle are explained including joint angle and parameters. 
Muscle contraction and force generation are also illustrated to better understand the 
mechanical musculotendon model. 
 
In Chapter 3, we present a process of many simplified muscle models, which greatly 
facilitates the theoretical research development of human muscle properties, in efforts 
to capture the complex actions performed by muscles. One of the earliest mechanical 
muscle models was created by Hill to capture the force-length-velocity properties of a 
large muscle based on experimentally measurements. Since the introduction of Hill’s 
model, Zajac extended and made modifications to include the tendon connection and to 
account for muscle fibre pennation angles for increasing muscle model's accuracy. 
Virtual Muscle (4.0) model is developed by the Alfred. E. Mann Institute at the 
University of Southern California including a simple structure of lumped fibre types 
and a recruitment algorithm to meet the needs of physiologists and biomechanists in 
the use of muscles. With the help of serious of equations by modified in virtual muscle 
model, the iterative learning (IL) method can be used for identifying the muscle 




parameters which are usually obtained by invasive measurement or medical imaging 
techniques. 
 
The human musculotendon parameters identification problem was addressed by 
comparing 2 classic root finding methods and developing a new optimal and numerical 
approach in chapter 4. To fully use the methods in the muscle system, the structure of 
the model is constructed and deduced according to the equations and coefficients, 
though the plant model is difficult to obtain since highly nonlinear equations. All the 
parameters played an important role in generating the muscle force are studied in 
details. Except the objective parameters, the selection of the values of other parameters 
is also discussed to increase the authenticity and accuracy for experimentally 
measurement. After discussing the possibilities of using 2 classic methods, the 
characteristics of iterative learning in identification problems are formulated and 
explored. The IL theory provides a suitable framework for the derivation and analysis 
of identification problem under learning process. 
 
Then our biomechanical experiment is conducted to measure the biceps muscle force 
at maximum voluntary contractions (MVC) using EMG detection equipment and a 
force sensor for 3 adult male subjects in chapter 6. After collecting and analyzing the 
data of force value at different joint angles, the relationship of force-angle and force-
length can be obtained. Meanwhile, using the same equipment and process for 
measuring different activation levels, the relationship of activation-EMG can be 
extracted and applied for achieving the composition of muscle motor units. 
In Chapter 7, a popular IL method aiming at identifying two parameters is used first. 
Because of the constraint of double inputs single output, another IL method with extra 




mapping of input-output was introduced. After discussing different possibility of the 
gradient that is essential to learning gain, an effective searching method is exploited 
for identifying muscle parameters. When the gradient is difficult to determine but 
bounding knowledge and the sign information of gradient are available, the learning 
convergence can also be guaranteed. Extensive simulations demonstrate that the IL 
approach is greatly effective while achieving satisfactory results compared to the 
desired values. Applying this method and the muscle force measured in chapter 6, into 
the identification system, the muscle parameters estimation results can be significantly 
obtained. Furthermore, by analyzing the simulation of motor units’ composition, the 
effects of Henneman's size principle in recruitment of motor units is critical for muscle 
force. It means that the effect of each motor unit for muscle force production will be 
slackening up if the number of motor units increased. 
 
8.2 Suggestions for Future Work 
Past research activities have provided a foundation for the future work. Based on the 
prior research, the following questions deserve further consideration and investigation.  
1. The data used in the thesis is assumed to be actual and accuracy. Unfortunately 
uncertainties cannot be omitted in the application. In order to improve the 
accuracy of the experimentally data, it is inevitable to adopt more precise 
measurement and data into consideration. 
2. As the dynamic system is based on a highly nonlinear model, the program is 
running very slowly with a relative accuracy of 1e-4. How to improve the 
computation speed and accuracy also should be investigated. 
3. The parameters including fascicle length, whole musculotendon length and 




optimal fascicle length are also essential for the muscle force as well as mass 
and optimal tendon length. In the future work, identifying three or more 
parameters is an improvement to two parameters using IL method. 
4. The motor units’ composition simulation gives a foundation to research the 
effects of motor units on aging or damaged muscle. In this way, identification 
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